INTRODUCTION
The rapid development of wireless technology and the increasing demands of location based services (LBS) have made wireless positioning technology become more and more attractive. For indoor environments, the well-known Global Positioning System (GPS) cannot provide enough accuracy due to the limited signal coverage. In contrast, the indoor positioning in wireless local area network (WLAN) has been paid more and more attentions because of its low cost effectiveness and reasonable accuracy [1, 2] . WLAN positioning depends on the relationship between received signal strength (RSS) and physical locations. Since the RSS values from access points (APs) can be collected by pervasively available network card on mobile devices, no extra hardware is required.
WLAN is a kind of LAN constructed by wireless communications technology which can provide all the features of a traditional wired LAN. Compared with wired LAN, WLAN has several features including mobility, flexibility, fast network, low cost, easy management, expansion capability and so on. In addition, WLAN is working at 2.4 GHz which doesn't require license then is ready to construct a network. To satisfy users' need of positioning, WLAN indoor positioning system is based on regular wireless communication service which offers high-accurate real-time to communication systems. Currently, the most popular WLAN positioning architecture is fingerprinting [3, 4] . Fingerprinting is composed of two stages: offline stage and online stage. In the offline stage, after deploying APs, the RSS values from APs at selected reference points are collected to create the radiomap. In the online phase, the real-time RSS samples are taken as inputs to the preconstructed positioning model to estimate the user's location.
Fingerprinting can be considered as a pattern recognition process, thus several pattern recognition algorithms have been proposed for positioning, such as weighted k -nearest neighbor (WKNN) [5] , maximum likelihood (ML) [6] , support vector regression (SVR) [7, 8] and artificial neural network (ANN) [9, 10] . All existing positioning algorithms aim to establish more accurate relationship between RSS and physical locations. However, all these algorithms are developed after APs deployed. Previous APs deployment [11, 12] just concerns about the signal coverage to meet the communication performance. The APs deployment for positioning is ignored in WLAN infrastructure. This paper proposes a novel APs deployment method for improved WLAN positioning. Under the constraint of seamless signal coverage in WLAN, the APs deployment is designed to improve positioning accuracy. We aim to maximize the RSS Euclidean distance between physical locations. RSS Euclidean distance is defined as the average Euclidean distance of RSS signal between neighbor reference points. The importance of RSS Euclidean distance for positioning is fully investigated. We demonstrate that the larger RSS Euclidean distance, the more the positioning system tolerates the RSS fluctuation, and thus the higher positioning accuracy is achieved. Besides, to avoid the large difference of RSS Euclidean distance between different locations, we also keep the standard variance of RSS Euclidean distance into a certain value. Simulations and experiments in the real WLAN show that, the proposed APs deployment improves positioning accuracy significantly.
The remainder of this paper is structured as follows. Section II demonstrates the importance of RSS Euclidean distance to WLAN positioning. Section III describes the proposed scheme of optimized APs deployment method.
Section IV explores the simulations and experiments done in a real WLAN environment. Conclusions are given in the last section.
II. DEMONSTRATION OF THE IMPORTANCE OF RSS EUCLIDEAN DISTANCE TO WLAN POSITIONING
The basic assumption of the proposed APs deployment is that the larger RSS Euclidean distance renders the higher positioning accuracy. For simplicity, we take the classical nearest neighborhood (NN) algorithm as example.
NN algorithm is the basic search matching algorithm, identifying the nearest reference point with the smallest RSS Euclidean distance is considered as the user's location. The RSS Euclidean distance here means the Euclidean distance between RSS vectors. Then the server searches the fingerprint database, finds the reference point whose RSS Euclidean distance to the real-time RSS values is least and returns its coordinate to the user as positioning result.
NN algorithm computes and stores the average RSS vector for each reference point in the offline stage. In the online phase, compute the Euclidean distance between real-time RSS vector and the average RSS vector of each reference point.
As seen in Fig. 1 , the physical space of target region is divided into appropriate size of grids. The center of each grid is represented by a reference point (RP). Denote the two dimensional-coordinates of RP 1 2 3 4 , , , and , , , and r r r r . Assume that the user stands at point P with real-time RSS vector r . The point P is nearest to RP 4 C . The RSS Euclidean distance between r and i r is given:
Then, the user's location L is estimated:
Ideally, the user's location can be located into RP 4 C , because the real-time RSS r is more similar with 4 r . However, due to various propagation factors such as multipath and shade effect, nonline of sight propagation and the user's body, the real-time RSS values always fluctuate to some extent. If the RSS values vary significantly some time, the user's location may be located into the other RPs and leads to a large positioning error.
Assume the signal space is two-dimensional. RSS values at the point P fluctuate in the circle which centers at the point ˆc r and its radius is σ . As shown in Fig. 1 , when enlarge the RSS Euclidean distance to some extent, the probability of locating the user into the wrong RP may become zero. In contrast, when reduces the RSS Euclidean distance, this probability of locating into wrong RPs will increase, thus the positioning accuracy will degrade . Then, the question is: can the RSS Euclidean distance be changed by the APs deployment? Generally, the average RSS from AP1 at the RPs can be modeled as following: In addition, there is a WKNN algorithm which is an improvement to NN algorithm. Different from NN algorithm by which the only point with the least Euclidean distance is fixed, when searching the fingerprint database in WKNN algorithm, K RPs with the least distances are fixed. Then fuse the coordinates of the K RPs and get the final location coordinates for the unknown point:
where, ( )
x y is the ith reference point among these K points and ( ),
x y is final location coordinates of the unknown point. ˆi d is the normalized Euclidean distance between the real-time RSS vector and the mean RSS vector at the related reference point, whose value can be obtained as in (1) . The normalized RSS Euclidean distance ˆi d can be given as follows:
III. PROPOSED OPTIMIZED APS DEPLOYMENT IN WLAN INDOOR POSITIONING SYSTEM

A. Find the Reasonable Number of APs
Generally, increasing of the number of APs might have positive influence on the positioning accuracy. However, more APs deployed may bring in more cost in hardware. We has determined the minimum number of APs needed in the offline stage based on the average RSS Euclidean distance. Given the threshold of the average RSS Euclidean distance in the offline training phase, the number of APs deployed is set as the minimum number whose corresponding average RSS Euclidean distance exceeds the threshold. The reasonable number of APs follows the objective function: 
where, S is the threshold of the average RSS Euclidean distance; p and m is the number of RPs and APs; β is the positions of the APs; D is the average RSS Euclidean distance; 
B. APs Deployment
With the fixed number of APs, APs deployment are designed to maximize the average RSS Euclidean distance while keeping the standard variance of RSS Euclidean distance at a certain value. That is, we aim to make the RSS Euclidean distance as uniform as possible so that big positioning errors may be avoided to some degree, while maximizing the average RSS Euclidean distance. The objective function is given as follows: 
where, β is the APs deployment for the total n APs, D is the average RSS Euclidean distance computed as in (7), and ( ) var D is the variance for the RSS Euclidean distance.
The Positions of APs are assumed at the discrete grids of the target region. We use the genetic algorithm to seek the APs deployment that satisfying (8) . The algorithmic steps are shown as follows:
• Step 1: Given the number of RPs and APs at the target region, create the objective function as in (8);
• Step 2: Set the genetic algorithm parameters, including: population parameters, regeneration parameters, fitness calculation parameters, variation parameters, selection parameters, cross parameters, and stop conditions parameters etc.;
• Step 3: Process the genetic algorithm, calculate the objective function, and save the biggest value and corresponding individual (APs deployment);
• Step 4: When one of the stop conditions is met, output the best objective function value and the corresponding APs deployment. The algorithm ends.
IV. SIMULATIONS AND EXPERIMENTAL RESULTS
A. Simulation and Experimental Setup
We simulated the WLAN positioning using log-distance path loss model [13] . The RSS value is given as follows:
where, d is the Euclidean distance between the receiver and the AP, and σ χ is the noise variable with zero mean and Gaussian distribution. The reference points in the target region are uniformly distributed and separated by 2 meters. The test points are randomly selected. Total 1000 real-time RSS testing samples per test point are generated by (9) . We simulated the APs deployment in four WLAN indoor environments whose sizes are 8m×16m, 16m×16m, 16m×32m and 32m×32m, respectively. The simulation parameters are set to Fig. 2 shows the relationship between positioning errors and RSS Euclidean distance with 5, 7, 9, and 11 APs in the environment of 32m × 32m. When the number of APs increases from 5, 7 to 9, the RSS Euclidean distance increases significantly for most of the RPs, and thus the positioning errors reduce greatly. When the number of APs increases from 9 to 11, the addition of RSS Euclidean distance and the reduction of positioning errors are not obvious. Fig. 3 shows the relationship between positioning errors and RSS Euclidean distance in 16m × 32m environment. The blue, red, green and black points represent the RPs with 3, 5, 7, and 9 APs, respectively. When the number of AP increases from 3 to 5, the RSS Euclidean distance increases and positioning errors reduce significantly. Continuing adding the number of APs, the RSS Euclidean distance and the error don't change a lot. As seen in Fig. 2 and Fig. 3 , when the average RSS Euclidean distance is above 4.5, most of positioning errors distribute within 2 meters. So we set =4.5 S in (7) to determine the reasonable number of APs during offline stage. Therefore, we give the following conclusions:
B. Simulation Results
• The larger RSS Euclidean distance leads to the higher positioning accuracy. In other words, the larger RSS Euclidean distance renders the smaller positioning error.
• At the same positioning environment, the RSS Euclidean distance for different RPs is different. For the same average RSS Euclidean distance, the smaller variance may improve the positioning performance. This is because the smaller variance renders the smaller probability that small RSS Euclidean distance happens.
• The reasonable number of APs for different size of environments is different. The larger size requires more APs to cover the larger region when aiming to achieve the same positioning performance.
• For the same RSS Euclidean distance, the more number of APs used in positioning may lead to the smaller positioning error, because more number of information sources explored may make the positioning algorithm more robust to noise. Table I shows the APs deployment in the four environments of 8m×16m, 16m×16m, 16m×32m and 32m ×32m. The reasonable numbers of the APs for these four simulation environments are set to be 2, 3, 5, and 8, respectively. All these reasonable number of APs are determined in (7) during offline stage. The previous APs deployment method follows the strategy that the signal coverage should be as uniform as possible. The optimal APs deployments for different environments are obtained by the proposed APs deployment algorithm. Table II shows the positioning accuracy comparison between the proposed APs deployment method and previous APs deployment method. The positioning results are based on the most commonly used WKNN algorithm. In contrast to previous method which just considers the signal coverage, the proposed APs deployment further considers maximizing the RSS Euclidean distance under the constraint of seamless signal coverage. Thus, as seen in Table II , the mean positioning error of the proposed APs deployment reduces significantly than the previous method. Mean positioning errors of the proposed APs deployment in the four environments are all within 2 meters, while the mean errors of the previous ones are above 2 meters. Besides, the mean positioning error increases with the number of APs increases, though the size of positioning environment increases. This is because the average RSS Euclidean distance increases with more APs added. Fig. 4 shows the positioning performance of the proposed APs deployment method in a realistic WLAN environment. To test the performance improvement for different positioning algorithms, we carried the ML, SVR, WKNN and ANN methods. Due to the propagation factors such as multipath and shade effect, more noisy information is introduced into the RSS signal space in real environment. Thus, we deploy four APs to increase the average RSS Euclidean distance. As seen in Fig. 4 , the following conclusions can be given: • The mean positioning error reduction is obtained by all the positioning methods. This fact supports that the increase of RSS Euclidean distance is beneficial to all positioning methods.
C. Experimental Results
• The improvement of WKNN is larger than the other methods, because WKNN is constructed on RSS Euclidean distance directly. WKNN reduces the mean error by 22.9% while ML, SVR and ANN by 20.4%, 20.0%, and 20.2%, respectively.
• Using the same number of APs, the positioning performance in realistic wireless indoor environment is always worse than that in simulation environment, because the noise strength in real environment is always larger due to the complex propagation factors.
• The smallest mean positioning error is obtained by ML method, because the RSS statistical information is further modeled and explored.
V. CONCLUSIONS
This paper proposes an optimized the APs deployment method for WLAN indoor positioning. Unlike previous APs deployment just for WLAN communication, we further consider improving the positioning accuracy. Under the constraint of seamless signal coverage for WLAN communication, the proposed APs deployment method aims to maximize the average RSS Euclidean distance, while keeping the variance of RSS Euclidean distance into a certain value. After substantive experiments and analysis, we demonstrate that the larger RSS Euclidean distance renders the higher positioning accuracy. Besides, the reasonable number of APs is also determined according to the threshold of average RSS Euclidean distance during offline stage. Both simulations and experimental results show that, the proposed APs deployment method can improve the accuracy of different positioning methods significantly. Experiments show that WKNN reduces the mean error by 22.9% while ML, SVR and ANN by 20.4%, 20.0%, and 20.2%, respectively.
